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ABSTRACT 
The construction of tunnels in urban areas may cause ground displacement 
which distort and damage overlying buildings and services. Hence, it is a major 
concern to estimate tunneling-induced ground movements as well as to assess the 
building damage. Artificial neural networks (ANN), as flexible non-linear function 
approximations, have been widely used to analyze tunneling-induced ground 
movements. However, these methods are still subjected to some limitations that 
could decrease the accuracy and their applicability. The aim of this research is to 
develop hybrid particle swarm optimization (PSO) algorithm-based ANN to predict 
tunneling-induced ground movements and building damage. For that reason, an 
extensive database consisting of measured settlements from 123 settlement markers, 
geotechnical parameters, tunneling parameters and properties of 42 damaged 
buildings were collected from Karaj Urban Railway project in Iran. Based on 
observed data, the relationship between influential parameters on ground movements 
and maximum surface settlements were determined. A MATLAB code was prepared 
to implement hybrid PSO-based ANN models. Finally, an optimized hybrid PSO-
based ANN model consisting of eight inputs, one hidden layer with 13 nodes and 
three outputs was developed to predict three-dimensional ground movements induced 
by tunneling. In order to assess the ability and accuracy of the proposed model, the 
predicted ground movements using proposed model were compared with the 
measured settlements. For a particular point, ground movements were obtained using 
finite element model by means of ABAQUS and the results were compared with 
proposed model. In addition, an optimized model consisting of seven inputs, one 
hidden layer with 21 nodes and one output was developed to predict building damage 
induced by ground movements due to tunneling. Finally, data from damaged 
buildings were used to assess the ability of the proposed model to predict the 
damage. As a conclusion, it can be suggested that the newly proposed PSO-based 
ANN models are able to predict three-dimensional tunneling-induced ground 
movements as well as building damage in tunneling projects with high degree of 
accuracy. These models eliminate the limitations of the current ground movement 
and building damage predicting methods. 
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ABSTRAK 
Pembinaan terowong di kawasan bandar mungkin boleh menyebabkan 
sesaran tanah yang mengakibatkan kerosakan kepada bangunan atas serta 
perkhidmatan. Oleh itu, ramalan pergerakan tanah dan juga menilai tahap kerosakan 
bangunan akibat pembinaan terowong merupakan satu kepentingan utama bagi 
menangani masalah tersebut. Rangkaian Neural Buatan (ANN) yang memberikan 
anggaran fungsi tidak linear fleksibel telah digunakan dengan meluas untuk 
menganalisa pergerakan tanah disebabkan oleh pembinaan terowong. Namun begitu, 
kaedah-kaedah ini masih lagi tertakluk kepada batas-batas tertentu yang 
mengurangkan kejituan dan keterterapan kaedah-kaedah tersebut. Tujuan kajian ini 
dijalankan adalah untuk membina satu rangkaian hibrid yang terdiri daripada ANN 
dan algoritma pengoptimuman kerumunan zarah (PSO) bagi meramal pergerakan 
tanah dan kerosakan bangunan yang disebabkan oleh pembinaan terowong. Lantaran 
itu, satu pangkalan data yang meluas telah dibangunkan merangkumi ukuran enapan 
daripada 123 penanda enapan, parameter geoteknik, parameter penerowongan dan 
sifat-sifat 42 bangunan yang mengalami kerosakan telah dikumpulkan dari projek 
Kereta Api Bandar Karaj di negara Iran. Berdasarkan data yang dicerap, hubungan 
antara parameter-parameter dominan yang menyebabkan pergerakan tanah dan 
enapan permukaan tanah maksimum telah ditentukan. Kod MATLAB telah 
disediakan untuk melaksanakan model-model hybrid ANN berasaskan PSO. 
Akhirnya, satu model pengoptimuman hibrid ANN berasaskan PSO yang 
mempunyai lapan input, satu lapisan tersembunyi mengandungi 13 nod dan tiga 
output telah dibangunkan untuk meramal pergerakan tanah tiga dimensi akibat 
pembinaan terowong. Untuk tujuan penilaian kemampuan dan kejituan model yang 
dicadangkan, nilai-nilai pergerakan tanah yang diramal menggunakan model 
cadangan tersebut telah dibandingkan dengan nilai enapan yang telah diukur. Bagi 
satu titik yang khusus, nilai pergerakan tanah telah diperolehi melalui model unsur 
terhingga dengan menggunakan perisian ABAQUS, dan hasilnya telah dibandingkan 
dengan model cadangan. Sebagai tambahan, satu model teroptimum yang terdiri 
daripada tujuh input, satu lapisan tersembunyi mengandungi 21 nod dan satu output 
telah dibangunkan untuk meramal kerosakan bangunan akibat pergerakan tanah yang 
disebabkan oleh pembinaan terowong. Akhir sekali, data dari bangunan yang 
mengalami kerosakan telah digunakan untuk menilai kemampuan model cadangan 
untuk meramal kerosakan bangunan tersebut. Kesimpulannya, model cadangan baru 
ANN yang berdasarkan PSO berkemampuan untuk meramal pergerakan tanah tiga 
dimensi dan kerosakan bangunan yang disebabkan oleh pembinaan terowong dengan 
tahap kejituan yang tinggi. Model-model baru tersebut dapat menyingkirkan batasan 
pada kaedah sedia ada bagi ramalan pergerakan tanah dan kerosakan bangunan.   
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CHAPTER 1 
INTRODUCTION 
1.1 Background of the Study 
Over the last few years, the world has witnessed an enormous growth of the 
urban population.  The speed and the scale of the population growth in urban areas 
are among the most difficult challenges to some countries.  This growth of the urban 
areas has resulted in increased demand for infrastructures.  Subsurface structures 
such as tunnels and underground metro stations became definitive choice to 
overcome the congestion at the ground surface, while urban environments became 
more limited.  Although underground structures have been effective in addressing the 
congestions at the surface, some problems and challenges still exist related to the 
tunneling in urban environment.   
The estimation of the environmental impacts of the tunnel construction is one 
of the most important steps in tunnel design in urban areas.  Although construction of 
tunnels in urban areas has various long term benefits, it may also cause important 
environmental issues.  Surface settlement is a very significant impact of tunneling in 
urban areas that can cause considerable damages to adjacent buildings and roads, and 
therefore increase the maintenance costs.  Hence, it is a major concern in the 
underground works to estimate tunneling-induced ground movements and also assess 
the building damage induced by ground movements due to tunneling.   
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In general, tunneling-induced ground movements are caused by three 
components; the immediate settlements due to tunnel excavation, deformation of 
tunnel lining and consolidation.  Immediate settlement, as the major settlement 
induced by tunneling, is a function of the tunnel depth and diameter, geological and 
geotechnical conditions, and construction procedure.  Deformation of the tunnel 
lining has an insignificant role in creating surface settlement and is usually negligible 
(Lee et al., 1992).  Long term settlement due to primary and secondary consolidation 
takes place in the saturated soils and groundwater conditions.  Based on empirical, 
analytical and numerical approaches, several methods have been developed by 
previous researchers to predict surface settlements due to tunneling.   
An empirically derived relationship has been introduced by Peck (1969) 
based on observation of transverse settlement trough in several tunneling project.  He 
assumed the shape of transverse settlement trough like a normal distribution curve.  
This method was accepted as a fundamental form of empirical methods and became 
the basis for other researchers such as Cording and Hansmire (1975) and O’Reilly 
and New (1982).  Moreover, Attewell and Woodman (1982) also utilized the 
stochastic theory to predict longitudinal surface settlement.  Analytical methods have 
been developed based on fundamental equations of elastic theory.  Several research 
have been conducted to predict surface settlements by means of analytical methods 
as in Sagaseta (1987), Verruijt and Booker (1996), Loganathan and Poulos (1998) 
and Park (2004).  In the last decades, numerical methods have been developed due to 
increasing in powerful computers beside the capability of the numerical methods in 
analysing the complex geometrical conditions.  Extensive research have been 
conducted to estimate tunneling-induced ground movements using numerical 
analysis (e.g. Lee et al., 1992; Vermeer et al., 2002; and Alessandra et al., 2009).   
In parallel with the development of prediction methods of ground 
movements, it has been hardly attempted to estimate building damage due to 
tunneling.  Similar to empirical methods of surface settlement prediction, various 
case studies have been investigated (e.g. Skempton and MacDonald, 1956; Bjerrum, 
1963; and Charles and Skinner, 2004) to establish a correlation between distortion 
parameters and the corresponding damage limits.  In contrast to empirical methods, 
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the semi-analytical method has become more popular.  This method was introduced 
by Burland and Wroth (1975) and further developed by other researchers such as 
Boscardin and Cording (1989).  This method assumes that the onset of crack is 
associated with average tensile strain in the buildings and utilizes the linear-elastic 
deep beam to obtain the maximum tensile strain in the buildings.   
All aforementioned methods to predict ground movements and building 
damage induced by tunneling assume the tunneling in “greenfield” conditions.  In 
other words, these methods ignore the presence of surface structures and their effects 
on ground movements.  In addition, all these studies are still faced with some 
limitations.  Therefore, an effective method is required to be able to predict ground 
movements and building damages induced by tunneling, accurately.   
In recent years, Artificial Neural Networks (ANNs) have been widely used to 
analyse geotechnical problems.  An ANN is a flexible non-linear function 
approximation that figures out a relationship between given input-output data, in 
contrast to the empirical and statistical methods which need previous knowledge.  
Several attempts (e.g. Suwansawat and Einstein, 2006; Santos Jr and Celestino, 
2008; and Boubou et al., 2012) have been done to predict tunneling-induced ground 
movements using ANNs.  Although ANNs are able to directly map input to output 
patterns and utilize all influential parameters in prediction of surface settlements, 
however still subjected to some limitation.  Therefore, an effort is needed to reduce 
the limitations making ANNs more applicable and accurate to predict ground 
movements as well as building damage induced by tunneling.   
1.2 Statement of the Problem 
As mentioned earlier, numerous attempts have been done to predict and 
subsequently control the tunneling-induced ground movements due to the fact that 
the number of tunnels in urban areas is increasing.  However, existing methods are 
faced with some limitations and cannot take into account of all the influential 
parameters in creating surface settlements.  As a result, in many cases, the existing 
4 
methods are not accurate enough, whereas prediction of the exact amount of the 
maximum surface settlement and the shape of settlement troughs is important to 
estimate the potential risk of building damage induced by tunneling.  
Empirically derived relationships have been mainly developed based on field 
observations obtained from hand mines or tunnels excavated using open faced 
shields.  Therefore, these methods mainly consider more of geological conditions 
than tunneling operational parameters.  Although these methods provide satisfactory 
results in determining settlement troughs, they tend to be misleading in estimating 
maximum surface settlement.  Analytical methods assume ground as an initially 
isotropic, incompressible and homogeneous mass.  These methods have been only 
developed for circular tunnels and therefore are inapplicable for non-circular tunnels 
under invariant geological conditions.  
Finite element simulation usually obtains the settlement troughs shallower 
and wider than the field observations (Lee and Rowe, 1989; Gunn, 1993; Dasari et 
al., 1996; Addenbrooke et al., 1997). This limitation can be partly improved by using 
advanced soil constitutive models. However, the time and the cost for a full three 
dimensional analysis with advanced nonlinear soil constitutive models is substantial.  
In addition, accuracy of the result depends on the type and the size of mesh.  ANNs 
employ training algorithms to be able to model complex relationships between inputs 
and output data.  Backpropagation (BP) algorithm is the most common and well-
known training algorithm that tries to adjust the network weights during learning 
process by reducing the error between input and output data.  However, it has been 
proven that BP algorithm can easily converge to any local minimum (Gori and Tesi, 
1992; Kröse and Smagt, 1996; Priddy and Keller, 2005), whereas the aim of 
simulation using ANNs is to find the global minimum of the error function.  In 
addition, the convergence obtained from BP learning is very slow and BP cannot 
guarantee the convergence in learning.   
In the case of building damage assessment, the existing methods assume the 
buildings infinitely flexible and follow the greenfield ground displacement.  
Therefore, these methods require separate numerical analyses to determine the 
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influence of building stiffness on ground displacements.  Moreover, existing methods 
mostly determine building damages in two-dimensional condition, while building 
damage due to tunneling is exposed to three dimensional ground movements.      
There is no doubt that the ground movements and building damage analysis 
would be more realistic if the measured data is used.  According to the capabilities of 
artificial neural network to find a pattern among the input and output data, this 
method has the potential to be appropriate approach to predict ground movements 
induced by tunneling and building damages induced by ground movements due to 
tunneling, while its limitation is eliminated.   
1.3 Research Objectives 
The aim of the research is to develop a new model based on “hybrid particle 
swarm optimization (PSO) algorithm-based artificial neural network (ANN)” or 
“hybrid PSO-based ANN” to predict three-dimensional tunneling-induced ground 
movements and subsequently building damage induced by ground movements due to 
tunneling.  This approach is able to cover all influential parameters on ground 
movements and building damages.  In line with the aim of the research, the 
followings are the research objectives: 
i. To determine the relationship between influential parameters on ground 
movements and maximum surface settlement by analysing the behaviour 
of ground response related to tunneling  
ii. To predict three-dimensional ground movements induced by tunneling 
through a hybrid PSO-based ANN model  
iii. To determine the superiority of the proposed hybrid PSO-based ANN 
model as compared to pre-developed backpropagation artificial neural 
network by performing a substantial comparison between the obtained 
results  
iv. To predict building damage due to ground movement induced by 
tunneling using hybrid PSO-based ANN model  
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1.4 Significance of Research 
Large numbers of tunnels are excavated in many big cities around the world.  
A major concern of engineers during excavation of tunnels in the populated areas is 
to know that the surface and underground structures and services are sufficiently safe 
from ground movements induced by tunnel excavation.  Hence, a reliable method to 
predict surface settlements and consequently the risk of the damage to adjacent 
building is necessary.  The importance of the study on ground movements induced 
by tunneling is associated with the safety and economic aspects of underground 
projects.  The significant of research are as follows: 
i. This study demonstrates the relationships among the surface settlement 
induced by tunneling and influential parameters.  Therefore, the outcomes 
of the study contribute better understanding towards the behaviour of the 
ground surface settlements related to tunneling. 
ii. The presented research considers the effects of the existing structures on 
the surface settlement, due to the fact that actual data are used to train the 
networks, whereas the existing methods predict surface settlement in 
greenfield condition.  Therefore, the method developed from this research 
provides more realistic and accurate prediction.   
iii. In the model developed in this research, the ground movements induced 
by tunneling are simulated three-dimensionally, whereas empirical and 
analytical methods investigate the ground movements only in two 
dimensional and are usually applicable for specific type of tunnel.  In 
contrast to the three-dimensional analysis of ground movements using 
advanced finite element tools that usually need much time to create and 
run a model, the presented model is practically useful to simulate ground 
movements three-dimensionally in detail within a short time.    
iv. The existing methods for assessing building damage provide a simple 
means of estimating the near surface displacements due to tunneling 
under greenfield condition, whereas a separate three dimensional analysis 
is required to investigate the effects of the building stiffness on the twist 
deformation. In contrast, the proposed model is able to estimate 
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tunneling-induced building damage, in a straightforward manner.  This is 
a useful model to quantify the building damage using all the influential 
parameters in actual condition with reasonable accuracy.  
1.5 Scope and Limitation of the Study 
This research developed the model to predict tunneling-induced ground 
movements in soft soils above water table.  As a limitation, the presented model is 
applicable for only NATM tunnels due to the fact that the model was trained using 
measured data obtained from Karaj Urban Railway Tunnel that was excavated using 
NATM technique.  It should be mentioned that the range of applicability and 
accuracy of this model is constrained by the data used in the training step.  However, 
the presented model may be applicable in analyzing the ground movements in the 
other geotechnical conditions and tunneling methods, if the model is trained using 
the data related to those conditions.   
This research utilized the geometrical parameters and stiffness ratio of 
buildings, settlement trough parameters and relative location of buildings and tunnel 
to estimate building damage induced by tunneling.  The influences of non-linear 
building behaviour were not considered in simulations.  Furthermore, the range of 
applicability and accuracy of the presented model to predict potential risk of building 
damage induced by tunneling is limited by the data used in the training step.   
However, the model presented can be used to predict building damage induced by all 
the existing tunneling methods and even braced excavations, while the parameters of 
the settlement trough and adjacent buildings are available.    
1.6 Outline of Thesis  
This thesis is composed of eight chapters and six appendices.  The summaries 
of the chapters are as follows:  
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Chapter 1 presents the background of the study, statement of the problems, 
research objectives, significant, scope and limitation of the study.   
Chapter 2 explains the ground movements associated with tunnel construction 
and reviews the existing methods for predicting transverse and longitudinal surface 
settlements due to tunneling.  In addition, a number of available methods to estimate 
potential risk of building damage induced by ground movements due to tunneling are 
reviewed. 
Chapter 3 explains the fundamental concepts and various types of artificial 
neural networks.  The learning process by means of backpropagation algorithm is 
also describes in this chapter.  In addition, the concepts, parameters and procedure of 
particle swarm optimization algorithm are also introduced. 
Chapter 4 describes the methodology of the research.  The framework of the 
research is presented and procedure of the modeling is explained.   
Chapter 5 presents general descriptions of the KUR project as the case study 
in this research.  The geological and geotechnical conditions, tunneling method and 
monitoring program of this project are described in this chapter.  
Chapter 6 gives the analysis on the effects of influential geotechnical and 
tunneling parameters on maximum surface settlement associated with NATM 
tunneling.  Subsequently, a hybrid artificial neural network and particle swarm 
optimization were introduced in order to predict transverse and longitudinal surface 
settlement troughs caused by tunneling.  A computer code is developed and an 
optimal model is introduced based on sensitivity analyses to predict tunneling-
induced ground movements.   
Chapter 7 presents a new method based on hybrid artificial neural network 
and particle swarm optimization to simulate building damages induced by ground 
movements due to tunneling.  In this chapter verification and validation are 
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performed by comparing the obtained results of proposed method with the results 
obtained by deep beam theory and actual values obtained from field monitoring. 
Chapter 8 contains the conclusion of the research, the contributions made and 
some recommendations for future works.   
 
 
 
REFERENCES  
Abaqus 6.10.  (2010).  Analysis user’s manual.  Hibbitt, Karlson and Sorenson, Inc. 
Abdull Hamedi, H.N., Shamsuddin, S.M., and Salim, N. (2008). Particle Swarm 
Optimization for Neural Network Learning Enhancement. Jurnal Teknologi, 
49: 13-26 
Adachi, T., Kimura, M., Kishida, K. (2003). Experimental study on the distribution 
of earth pressure and surface settlement through three dimensional trapdoor 
tests. Tunnelling and Underground Space Technology. 18(2): 171–183. 
Addenbrooke, T., Potts, D., and Puzrin, A. (1997). The influence of pre-failure soil 
stiffness on the numerical analysis of tunnel construction. Geotechnique. 
47(3): 693–712. 
Adoko,  A.C., and Wu, L. (2012). Estimation of convergence of a high-speed railway 
tunnel in weak rocks using an adaptive neuro-fuzzy inference system 
(ANFIS) approach. Journal of Rock Mechanics and Geotechnical 
Engineering. 4 (1): 11–18. 
Ahmed, M and Iskander, M. (2011). Analysis of tunnelling-induced ground 
movements using transparent soil models. Journal of Geotechnical and 
Geoenvironmental Engineering, ASCE. 137: 525-535.  
Aklik, P. and Idinger, W., Wu, W. (2010). Modelling face stability of a shallow 
tunnel in a geotechnical centrifuge, Proceedings of the 7th International 
Conference on Physical Modelling in Geotechnics, Zurich, Switzerland. 531–
536. 
Alessandra, D.M., Roberto, P., Antonio, G., Riccardo, C., and Marcos, A. (2009). 
Influence of some EPB operation parameters on ground movements. 2
nd
 
International Conference on Computational Methods in Tunnelling. Ruhr 
University, Bochum. 43-50. 
208 
Alimoradi, A., Moradzadeh, A., Naderi, R., Zad Salehi, M., and Etemadi, A. (2008). 
Prediction of geological hazardous zones in front of a tunnel face using TSP-
203 and artificial neural network ks. Tunnelling and Underground Space 
Technology. 23: 711–717. 
An, H., Sun, J., Hu, X. (2004). Study on intelligent method of prediction by small 
samples for ground settlement in shield tunnelling. Proceeding of the 30
th
 
ITA-AITES World Tunnel Congress. 22-27 May 2004. Singapore, Elsevier, 
P385.  
Atkinson, H., and Potts, D. (1977). Settlement above Shallow Tunnels in Soft 
Ground. Journal of Geotechnical Engineering, ASCE. 103(4): 307-325.  
Atkinson, J.H., Potts, D.M., and Schofield, A.N. (1977). Centrifugal model tests on 
shallow tunnels in sand. Tunnels and Tunnelling. 9(1): 59-64. 
Attewell, P.B., and Woodman, J.P. (1982). Predicting the dynemics of ground 
settlement and its derivatives caused by tunnelling in soils. Ground 
Engineering. 15(8): 13-22 and 36. 
Attewell, P.B., Yeates, J., and Selby. A.R. (1986). Soil Movements Induced by 
Tunnelling and their Effects on Pipelines and Structures. New York, Blackie. 
Augarde, C.E., Burd, H.J., Houlsby, G. T. (1998). Some experience of modelling 
tunnelling in soft ground using three-dimensional finite elements. Fourth 
European conference on Numerical Methods in Geotechnical Engineering. 
14-16 October 1998. Udine, Italy. 603-612. 
Bashir, Z.A., and El-Hawary, M.E. (2009). Applying Wavelets to Short-Term Load 
Forecasting Using PSO-Based Neural Networks. IEEE Transactions on Power 
Systems. 24(1): 20-27.  
Bansal, J.C., Singh, P.K., Saraswat, M., Verma, A., Jadon, S.S., and Abraham, A. 
(2011). Inertia Weight Strategies in Particle Swarm Optimization. Third 
World Congress on Nature and Biologically Inspired Computing, IEEE. 640-
647. 
Beale, M.H., Hagan, M.T., and Demuth, H.B. (2010). MATLAB Neural Network 
Toolbox. 
Beale, R., and Jackson, T. (1998). Neural computing: an introduction. Department of 
Computer Science, University of York. IOP Publishing Ltd.  
209 
Benardos, A.G., and Kaliampakos, D.C. (2004). Modelling TBM performance with 
artificial neural networks. Tunnelling and Underground Space Technology. 
19: 597-605. 
Bizjak, K.F., and Petkovsek, B. (2004). Displacement analysis of tunnel support in 
soft rock around a shallow highway tunnel at Golovec. Engineering Geology. 
75: 89–106.  
Bjerrum, L. (1963). Allowable settlement of structures. Proceedings of the European 
Conference on Soil Mechanics and Foundation Engineering. Wiesbaden. 2: 
135-137. 
Bobet, A. (2001). Analytical Solutions for Shallow Tunnels in Saturated Ground. 
Journal of Engineering Mechanics, ASCE. 127(12): 1258-1266. 
Bolton, M.D., Dasari, G.R. and Britto, A.M. (1994). Putting small strain non-
linearity into Modified Cam Clay model. Proc. 8
th
 Conf. Int. Assoc. Computer 
Methods and Advances in Geomechanics, Morgantown. 537–542. 
Boscardin, M.D., and Cording, J.C. (1989). Response to excavation-induced 
Settlement. Journal of Geotechnical Engineering. 115 (1): 1-21.  
Boubou, R., Emerilault, F., and Kastner, R. (2010). Artificial neural network 
application for the prediction of ground surface movements induced by shield 
tunnelling. Canadian Geotechnical Journal. 47: 1214-1233.   
Building Research Establishment, BRE. (1990). Assessment of damage in low rise 
buildings with particular reference to progressive foundation movements. 
Digest 251, BRE, Garston, UK. 
Burd, H.J., Houlsby, G.T., Augarde, C.E. and Liu, G. (2000). Modelling the effects 
on masonry buildings of tunnelling-induced settlement. Proceedings of the 
Institution of Civil Engineers, Geotechnical Engineering. 143(1): 17-29. 
Burland, J.B. (1997). Assessment of risk of damage to buildings due to tunnelling 
and excavation. Earthquake Geotechnical Engineering. Roterdam: Belkema. 
1189-1201. 
Burland, J.B., Broms, B.B., and de Mello, V.F.B. (1977). Behaviour of foundations 
and structures. State of the Art Report. Proceeding of 9
th
 International 
Conference on Soil Mechanics and Foundation Engineering. Tokyo, Japan, 
495-546. 
210 
Burland, J.B., and Wroth, C.P. (1975). Settlement of buildings and associated 
damage. Proceeding of a Conference on Settlement of Structures. London: 
Pentech Press. 611-654. 
Chambon, P., Corte, J.F. (1994). Shallow tunnels in cohesionless soil: stability of 
tunnel face. Journal of Geotechnical Engineering. 120(7): 1148–1165. 
Chambon, P., Corte, J.F., Garnier, J. (1991). Face stability of shallow tunnels in 
granular soils. Proceedings of International Conference on Centrifuge. A.A. 
Balkema, Rotterdam. 99–105. 
Champan, D.N., Ahn, S.K., Hunt, D.V.L., Chan, H.C. (2006). The use of model tests 
to investigate the ground displacement associated with multiple tunnel 
construction in soil. Tunnels and Tunnelling. 21(3): 413.  
Charles, J.A., and Skinner, H.D. (2004). Settlement and tilt of low-rise building. 
Geotechnical Engineering. 157: 65–75. 
Cheng, C.Y., Dasari, G.R., Chow, Y.K., Leung, C.F. (2007). Finite element analysis 
of tunnel–soil–pile interaction using displacement controlled model. 
Tunnelling and Underground Space Technology. 22: 450–466. 
Chou, W. I., and Bobet, A. (2002). Prediction of Ground Deformations in Shallow 
Tunnels in Clay. Tunnelling and Underground Space Technology. 17: 3-19. 
Clerc, M. (2011). Standard Particle Swarm Optimisation, From 2006 to 2011. 
Retrieved from clerc.maurice.free.fr/pso/SPSO_descriptions.pdf (2011-07-13 
version) 
Clerc, M., and Kennedy, J. (2002). The Particle Swarm Explosion, Stability, and 
Convergence in a Multi-dimensional Complex Space. IEEE Transaction on 
Evolutionary Computation. 6(1): 58-73. 
Clow, B., and White, T. (2004). An Evolutionary Race: A Comparison of Genetic 
Algorithm and Particle Swarm Optimization for Training Neural Networks. 
Proceeding of the International Conference on Artificial Intelligence. 582-
588. 
Cording, E.J., and Hansmire, W.H. (1975). Displacement around soft ground tunnels. 
Proceedings of the 5
th
 Pan American Conference on Soil Mechanics and 
Foundation Engineering. Session IV. Buenos Aires, Argentina. 571-632.    
Darabi, A., Ahangari, K., Noorzad, A., and Arab, A. (2012). Subsidence estimation 
utilizing various approaches – A case study: Tehran No. 3 subway line. 
Tunnelling and Underground Space Technology. 31: 117–127. 
211 
Darya KhakPey Consulting Engineers Inc. (2005). Geotechnical report of line No.2 
of Karaj Urban Railway. Technical Report. (unpublished) 
Dasari, G.R., Rawlings, C.G., and Bolton, M.D. (1996). Numerical modelling of a 
NATM tunnel construction in London Clay. Geotechnical Aspects of 
Underground Construction in Soft Ground. Rotterdam, Balkema. 491–496.  
Davey-Wilson, I.E.G. (2005). Data Mining Techniques for Analysing Geotechnical 
Data. Proceedings of the Eighth International Conference on the Application 
of Artificial Intelligence to Civil, Structural and Environmental Engineering. 
Civil-Comp Press, Stirlingshire, UK, Paper 17.  
Deck, O., Singh, A. (2012). Analytical model for the prediction of building 
deflections induced by ground movements. International Journal for 
Numerical and Analytical Methods in Geomechanics. 36(1): 62–84. 
De Farias, M.M, Junior, A.H.M., de Assis, A.P. (2004). Displacement control in 
tunnels excavated by the NATM: 3-D numerical simulations. Tunnelling and 
Underground Space Technology. 19: 283–293. 
Dehghan, A.N., Shafiee, S.M., and Rezaei, F. (2012). 3-D stability analysis and 
design of the primary support of Karaj metro tunnel based on convergence 
data and back analysis algorithm. Engineering Geology, 141–149.  
Di Mariano, A., Persio, R., Gens, A., Castellanza, R., Arroyo, M. (2009). Influence 
of some EPB operation parameters on ground movements. 2
nd
 International 
Conference on Computational Methods in Tunnelling. 9-11 September 2009. 
Ruhr University Bochum, Aedificatio. 43-50.  
Divall, S. and Goodey, R.J. (2012). Apparatus for centrifuge modelling of sequential 
twin-tunnel construction. International Journal of Physical Modelling in 
Geotechnics. 12(3): 102-111.  
Dolezalova, M. (2002). Approaches to numerical modelling of ground movements 
due to shallow tunnelling. Soil structure interaction in urban civil 
engineering. 2: 365-373. 
Fausett, L. (1993). Fundamentals of Neural Networks: Architectures, Algorithms and 
Applications. New York: Prentice Hall International.  
Finno, R. J., and Clough, G. W. (1985). Evaluation of Soil Response to EPB Shield 
Tunnelling. Journal of Geotechnical Engineering, ASCE. 111: 155-173. 
212 
Finno, R.J., Voss, F.T., Rossow, E. and Tanner Blackburn, J. (2005). Evaluating 
damage potential in buildings affected by excavations. Journal of 
Geotechnical and Geoenvironmental Engineering, ASCE. 131: 1199-1210. 
Franzius, J.K. (2003). Behaviour of buildings due to tunnel induced subsidence. PhD 
thesis. Imperial College of Science, Technology and Medicine.  
Franzius, J.N., and Potts, D.M. (2005). Influence of mesh geometry on three-
dimensional finite element analysis of tunnel excavation. International 
Journal of Geomechanics, ASCE. 5: 256-266.  
Franzius, J.N., Potts, D.M., and Burland, J.B. (2005). The influence of soil 
anisotropy and K0 on ground surface movements resulting from tunnel 
excavation. Geotechnique. 55(3): 189-199. 
Galli, G., Grimaldi, A., Leonardi, A. (2004). Three-dimensional modelling of tunnel 
excavation and lining. Computers and Geotechnics. 31: 171–183. 
Gholamnejad, J., and Tayarani, N. (2010). Application of artificial neural networks 
to the prediction of tunnel boring machine penetration rate. Mining Science 
and Technology. 20: 0727–0733. 
Goh, A.T.C., and Hefney, A.M. (2010). Reliability assessment of EPB tunnel-related 
settlement. Geomechanics and Engineering. 2(1): 57-69. 
Goh, A.T.C., and Zhang, W. (2012). Reliability assessment of stability of 
underground rock caverns. International Journal of Rock Mechanics and 
Mining Sciences. 55: 157–163. 
Gonzales, C. and Sagaseta, C. (2001). Patterns of soil deformations around tunnels: 
Application to the extension of Madrid Metro. Comput. Geotech. 28:445-68. 
Gori, M., and Tesi, A. (1992). On the Problem of Local Minima in Backpropagation. 
IEEE Transactions and Pattern Analysis and Machine Intelligence. 14(1): 76-
86. 
Grammatikoloulou, A. Zdravkovhc, L, and Potts, D.M. (2002). The behaviour of 
Bubble models in tunnelling problems. Proceedings of the 2
nd
 International 
Conference on Soil Structure Interaction in Urban Civil Engineering: 
Planning and Engineering for the Cities of Tomorrow. 7- 8 March 2002. 
Switzerland, Zurich: Swiss Federal Institute for Technology. 381-388.   
Grima, M.A., Bruines,  P.A., and Verhoef, P.N.W. (2000). Modeling tunnel boring 
machine rerformance by neuro-fuzzy methods. Tunnelling and Underground 
Space  Technology, 15(3): 259-269.   
213 
Guan, Z., Jiang, Y., and Tanabashi, Y. (2009). Rheological parameter estimation for 
the prediction of long-term deformations in conventional tunnelling. 
Tunnelling and Underground Space Technology. 24: 250–259. 
Guedes, P.F.M., Santos Pereira, C. (2000). The role of the soil K0 value in numerical 
analysis of shallow tunnels. Proceeding of the International Symposium on 
Geotechnical Aspects of Underground Construction in Soft Ground. 
Rotterdam, Balkema. 379-384. 
Gui, M.W., and Chen, S.L. (2013). Estimation of transverse ground surface 
settlement induced by DOT shield tunneling. Tunnelling and Underground 
Space Technology. 33: 119–130. 
Gunn, M.J. (1993). The prediction of surface settlement profiles due to tunnelling. 
Proceeding of the Worth Memorial Symposium, Predictive Soil Mechanics. 
London: Thomas Telford. 304-316. 
Hagiwara, T., Grant, R.J., Calvello, M., Taylor, R.N. (1999). The effect of overlying 
strata on the distribution of ground movements induced by tunnelling in clay. 
Soils and Foundations. 39(3): 63–73.  
Halim, D and Wong, K. (2012). Prediction of frame structure damage due to deep 
excavation. Journal of Geotechnical and Geoenvironmental Engineering, 
ASCE. 138(12): 1530–1536. 
Hassan, R., Cohanim, B., and Weck, O. (2005). A Comparison of Particle Swarm 
Optimization and the Genetic Algorithm . Proceeding of the 46
th
 Structural 
Dynamics and Materials Conference.  
Haykin, S. (1999). Neural Networks a Comprehensive Foundation, Second Edition. 
Prentice Hall. 
Haykin ,S. (2008). Neural Networks and Learning Machines. 3rd Edition. Pearson 
Education. 
He, C., Feng, K., Fang, Y., Jiang, Y.C. (2012).  Surface settlement caused by twin-
parallel shield tunnelling in sandy cobble strata, Journal of Zhejiang 
University-SCIENCE A (Applied Physics & Engineering). 13(11): 858-869. 
Hight, D.W., Gasparre, A., Nishimura, S., Minh, N.A., Jardine, R.J., and Coop, M.R. 
(2007). Characteristics of the London clay from the Terminal 5 site at 
Heathrow airport. Geotechnique. 57(1): 3–18. 
214 
Hodgson, R. (2002). Particle Swarm Optimization Applied to the Atomic Cluster 
Optimization Problem. Proceeding of the 2002 Conference on Genetic and 
evolutionary Computation. 68-73. 
Holland, J.H. (1975). Adaptation in Natural and Artificial Systems: an introductory 
analysis with applications to biology, control, and artificial intelligence. 
Michigan: University of Michigan Press. 
Hornik, K., Stinchcombe, M., White, H. (1989). Multilayer feedforward networks are 
universal Approximators. Neural Networks. 2: 359-366. 
Hou, J., Zhang, M.X., and Tu, M. (2009). Prediction of surface settlements induced 
by shield tunneling: An ANFIS model. In Geotechnical Aspects of 
Underground Construction in Soft Ground. Taylor & Francis Group, London. 
551-554.  
Hunt, D.V.L. (2005). Predicting the ground movements above twin tunnels 
constructed in London Clay. Ph.D. Thesis. Birmingham University, UK. 
Iran Khak Consulting Engineers Inc. (2005). Geotechnical report of Line No.2 of 
Karaj Urban Railway. Technical Report. (unpublished). 
Javadi, A.A. (2006). Estimation of air losses in compressed air tunneling using 
neural network. Tunnelling and Underground Space Technology, 21: 9–20.  
Juneja, A., Hegde, A., Lee, F.H., Yeo, C. H. (2010). Centrifuge modelling of tunnel 
face reinforcement using forepoling. Tunnelling and Underground Space 
Technology. 25(5): 377-381. 
Kamata, H., Masimo, H. (2003). Centrifuge model test of tunnel face reinforcement 
by bolting. Tunnelling and Underground Space Technology. 18(2): 205-212.  
Karakus, M. (2001). Predicting horizontal movement for a tunnel by empirical and 
FE methods. 17
th
 International Mining Congress and Exhibition of Turkey. 
Turkey. 697-703. 
Karakus, M. (2007). Appraising the methods accounting for 3D tunnelling effects in 
2D plane strain FE analysis. Tunnelling and Underground Space Technology. 
22: 47–56.  
Karakus. M and Fowell, R.J. (2003). Effects of different tunnel face advance 
excavation on the settlement by FEM. Tunnelling and Underground Space 
Technology. 18: 513–523.  
215 
Kasper, T., and Meschke, G. (2004). A 3D finite element simulation model for TBM 
tunnelling in soft ground. International journal for Numerical and Analytical 
in Geomechanics. 28: 1441–1460.  
Kasper, T., and Meschke, G. (2006). A numerical study of the effect of soil and grout 
material properties and cover depth in shield tunnelling. Computers and 
Geotechnics. 33: 234–247. 
Katzenbach, R., and Breth, H. (1981). Nonlinear 3D analysis for NATM in Frankfurt 
Clay. Proceeding of 10
th
  International Conference on Soil Mechanics and 
Foundation Engineering, Rotterdam, Balkema, 315-318. 
Kennedy, J., and Clerc, M. (2006). Standard PSO 2006. Retrieved from 
http://www.particleswarm.info/Standard-PSO-2006.c 
Kennedy, J., and Eberhart, R. (1995). Particle Swarm Optimization. IEEE 
International Conference on Neural Networks. Perth, Australia. 1942-1948. 
Kim, C.Y., Bae, G.J., Hong, S.W., Park, C.H., Moon, H.K., and Shin, H.S. (2001). 
Neural Network Based Prediction of Ground Surface Settlements Due to 
Tunnelling. Computers and Geotechnics, 28: 517-547.  
Kim, S.H. (1996). Interaction between closely spaced tunnels in Clay. Ph.D., Thesis, 
Oxford University, UK.   
Kitagawa, S., Takenaka, M., and Fukuyama, Y. (2004). Recent Optimization 
Techniques and Applications to Customer Solutions. Fuji Electric Journal, 
77(2): 137-141. 
Komiya, K., Soga, K., Akagi, H., Hagiwara, T., Bolton, M.D. (1999). Finite element 
modelling of excavation and advancement process of a shield tunnelling 
machine. Soils and Foundation. 39(3): 37-52. 
Kröse, B., and Smagt, P.V.D. (1996). An introduction to Neural Networks, 
Amsterdam, The University of Amsterdam. 
Kuok, K.K., Harun, S., and Shamsuddin, S.M. (2009). Particle Swarm Optimization 
Feedforward Neural Network for Hourly Rainfall runoff Modeling in Bedup 
Basin, Malaysia. International Journal of Civil and Environmental 
Engineering (IJCEE). 9(10): 20-39. 
Kuok, K.K., Harun, S., and Shamsuddin, S.M. (2010). Particle swarm optimization 
feedforward neural network for modeling runoff. International Journal of 
Environmental Science and Technology., 7 (1), 67-78. 
216 
Lau, S.C., Lu, M., and Ariaratnam, S.T. (2010). Applying radial basis function neural 
networks to estimate next-cycle production rates in tunnelling construction. 
Tunnelling and Underground Space Technology. 25: 357–365.  
Lazzús, J.A. (2013). Neural network-particle swarm modeling to predict thermal 
properties. Mathematical and Computer Modelling. 57: 2408–2418. 
Leca, E., (1989). Analysis of NATM and shield tunnelling in soft ground. PhD Thesis, 
Virginia Polytechnic Institute and State University, Blacksburg, USA.  
Leca, E. (1996). Modelling and prediction for bored tunnels. International 
Symposium on Geotechnical Aspects of Underground Construction in Soft 
Ground, 15-17 April, London. 27-41. 
Lee, C.J., Chiang, K.H., Kuo, C.M. (2004). Ground movements and tunnel stability 
when tunnelling in sandy ground, Journal of the Chinese Institute of 
Engineers. 27(7): 1021-1032.  
Lee, C.J., Wu, B.R., Chen, H.T., Chiang, K.H. (2006). Tunnelling stability and 
arching effects during tunnelling in soft clayey soil. Tunnelling and 
Underground Space Technology. 21(2): 119–132. 
Lee, G.T.K., Ng, C.W.W. (2002). Three-dimensional analysis of ground settlements 
due to tunnelling: Role of K0 and stiffness anisotropy. Proceeding of the 
International Symposium on Geotechnical Aspects of Underground 
Construction in Soft Ground. Lyon, Specifique. 617-622.  
Lee, J.H., and Akutagawa, S. (2009). Quick prediction of tunnel displacements using 
artificial neural network and field measurement results. International Journal 
of the JCRM. 5(2): 53-62.  
Lee, J.H., Akutagawa, S., and Yokota, Y. (2008). Back analysis of linear and 
nonlinear ground behaviors around shallow tunnels by using artificial neural 
network. Doboku Gakkai Ronbunshuu F. 64(4): 431-449.  
Lee, J.H., Akutagawa, S., Yokota, Y., and Iida, H. (2007). Parameter identification 
and subsidence prediction by Artificial Neural Networks and FEM database 
for design and construction of NATM tunnels. ISRM 11
th
 International 
Congress on Rock Mechanics. 9-13 July 2007. Lisbon, Portugal. 987-990. 
Lee, J.H, Akutagawa, S., Yokota, Y., Kitagawa, T., Isogai, A., and Matsunaga, T. 
(2006). Estimation of model parameters and ground movement in shallow 
NATM tunnel by means of neural network. Proceedings of the World Tunnel 
Congress and 32
nd
 ITA Assembly. 22–27 April 2006. Seoul, Korea.  
217 
Lee, K.M., and Rowe, R.K. (1989). Deformations caused by surface loading and 
tunnelling: the role of elastic anisotropy. Geotechnique. 39(1): 125-140. 
Lee, K.M., and Rowe, R.K. (1990a). Finite element modelling of the three-
dimensional ground deformation due to tunnelling in soft cohesive soils: Part 
I - Method of analysis. Computers and Geotechnics. 10: 87-109.  
Lee, K.M., and Rowe, R.K. (1990b). Finite element modelling of the three-
dimensional ground deformation due to tunnelling in soft cohesive soils: Part 
II - Results. Computers and Geotechnics. 10: 111-138.    
Lee, K.M., and Rowe, R.K. (1991). An analysis of three-dimensional ground 
movements: the Thunder Bay tunnel. Canadian Geotechnical Journal. 28: 25-
41. 
Lee, K.M., Rowe, R.K., and Lo, K.Y. (1992). Subsidence owing to tunnelling. I: 
estimating the gap parameter. Canadian Geotechnical Journal. 29: 929-940. 
Lee, Y.J. (2009). Investigation of subsurface deformations associated with model 
tunnels in a granular mass. Tunnelling and Underground Space Technology. 
24(6): 654–664.  
Leu, S.S., and Adi, T.J.W. (2011). Probabilistic prediction of tunnel geology using a 
Hybrid Neural-HMM. Engineering Applications of Artificial Intelligence. 24: 
658–665. 
Leu, S.S., Chen, C.N., and Chang, S.L. (2001). Data mining for tunnel support 
stability: neural network approach. Automation in Construction. 10: 429–441.  
Lin, C.J., and Hsieh M-H. (2009). Classification of mental task from EEG data using 
neural networks based on particle swarm optimization. Neurocomputing. 72: 
1121– 1130. 
Lin, M., Tsai, J., and Yu, C. (2012). A Review of Deterministic Optimization 
Methods in Engineering and Management. Mathematical Problems in 
Engineering.   
Liou, S.W., Wang, C.M., and Huang, Y.F. (2009). Integrative discovery of 
multifaceted sequence patterns by frame-relayed search and hybrid PSO-
ANN. Journal of Universal Computer Science. 15(4): 742-764.  
Litwiniszyn, J. (1956). Application of the Equation of Stochastic Processes to 
Mechanics of Loose Bodies. Arch. Mech. Stosow. 8: 393-411.  
218 
Liu, B., and Han, Y. (2006). A FLAC
3D
-based subway tunneling-induced ground 
settlement prediction system developed in China. 4
th
 International FLAC 
Symposium on Numerical Modeling in Geomechanics.  
Liu, J., Qi, T., Wu, Z. (2012). Analysis of ground movement due to metro station 
driven with enlarging shield tunnels under building and its parameter 
sensitivity analysis. Tunnelling and Underground Space Technology, 28: 
287–296.  
Loganathan, N. and Poulos, H.G. (1998). Analytical prediction for tunnelling-
induced ground movements in clays. Journal of Geotechnical and 
Geoenvironmental Engineering, ASCE. 124(9): 846-856. 
Love, J.P. (1984). Model testing of geogrid in unpaved roads. PhD Thesis. Oxford 
University. UK.  
Lü, Q., Chan, C.L., and Low, B.K. (2012). Probabilistic evaluation of ground-
support interaction for deep rock excavation using artificial neural network 
and uniform design. Tunnelling and Underground Space Technology. 32: 1–
18. 
Mahdevari, A., Torabi, S.R. (2012). Prediction of tunnel convergence using Artificial 
Neural Networks. Tunnelling and Underground Space Technology. 28: 218–
228. 
Mahdevari, A., Torabi, S.R., and Monjezi, M. (2012). Application of artificial 
intelligence algorithms in predicting tunnel convergence to avoid TBM 
jamming phenomenon. International Journal of Rock Mechanics and Mining 
Sciences. 55: 33–44. 
Mair, R. J. (2008). Tunnelling and geotechnics: new horizons. 46
th
 Rankine Lecture, 
Géotechnique. 58(9): 695-736. 
Mair, R. J. and Taylor, R.N. (1997). Bored tunnelling in the urban environment. 
Proceed. 14th international conference on soil mechanics and foundation 
engineering, volume 4, 2353–2385. Balkema, Hamburg. 
Mair, R.J., Taylor, R.N., Bracegirdle, A. (1993). Subsurface settlement profiles 
above tunnels in clays. Geotechnique. 43(2): 315–320. 
Mair, R.J., Taylor, R.N., and Burland, J.B. (1996). Prediction of ground movements 
and assessment of risk of building damage due to bored tunnelling. 
Proceeding of the International Symposium on Geotechnical Aspects of 
Underground Construction in Soft Ground. Rotterdam: Balkema.713-718. 
219 
Mandro Consulting Engineers Inc. (2005). Geotechnical report of Line No.2 of Karaj 
Urban Railway. Technical Report. (unpublished). 
Masin, D. (2009). 3D modeling of an NATM tunnel in high K0 clay using two 
different constitutive models. Journal of Geotechnical and Geoenvironmental 
Engineering, ASCE. 135(9): 1326–1335. 
McCulloch, W.S., and Pitts, W. (1943). A logical calculus of the ideas immanent in 
nervous activity. Bulletin of Mathematical Biophysics. 5: 115-133. 
Meguid, M. A., Saada, O., Nunes, M. A., Mattar, J. (2008). Physical modeling of 
tunnels in soft ground: A review. Tunnelling and Underground Space 
Technology. 23: 185–198. 
Mehrotra, K., Mohan, C.K., and Ranka, S. (1997). Elements of Artificial Neural 
Networks. Massachusetts, MIT Press, Cambridge. 
Mendes, R., Cortes, P., Rocha, M., and Neves, J. (2002). Particle Swarm for 
Feedforward Neural Net Training. Proceeding of the International Joint 
Conference on Neural Networks, IEEE. Honolulu. 1895-1899. 
Möller, S.C. and Vermeer, P.A. (2008). On numerical simulation of tunnel 
installation. Tunnelling and Underground Space Technology. 23: 461–475. 
Möller, S.C., Vermeer, P.A., Bonnier, P.G. (2003). A fast 3D tunnel analysis. 
Proceeding of 2
nd
 MIT Conference on Computational Fluid and Solid 
Mechanics. 17-20 June. The Netherlands, Amsterdam. 486–489. 
Mroueh, H., and Shahrour, I. (2008). A simplified 3D model for tunnel construction 
using tunnel boring machines. Tunnelling and Underground Space 
Technology. 23: 38–45. 
Namazi, E., and Mohamad, H. (2012). Assessment of building damage induced by 
three-dimensional ground movements. Journal of Geotechnical and 
Geoenvironmental Engineering, ASCE. Accepted Manuscript. 
Namazi, E., and Mohamad, H. (2012). Potential damage assessment in buildings 
undergoing tilt. Proceedings of the ICE - Geotechnical Engineering.  
Neaupane, K. M., and Adhikari, N. R. (2006). Prediction of tunnelling-induced 
ground movement with the multi-layer perceptron. Tunnelling and 
Underground Space Technology. 21: 151-159. 
Ng, C.W.W., Lee, K.M., Tang, D.K.W. (2004). Three-dimensional numerical 
investigations of new Austrian tunnelling method (NATM) twin tunnel 
interactions. Canadian Geotechnical Journal, 41, 523–539. 
220 
Nomoto, T., Imamura, S., Hagiwara, T., Kusakabe, O., Fujii, N. (1999). Shield 
tunnel construction in centrifuge. Journal of Geotechnical and 
Geoenvironmental Engineering, 125(4): 289–300.   
O’Reilly, M.P., and New, B.M. (1982). Settlements above tunnels in the united 
kingdom- their magnitude and prediction. Proceeding of tunnelling 82. The 
institution of mining and metallurgy, London. 173-181. 
Osman, I., and Laporte, G. (1996). Methaheuristics: A Bibliography. Annals of 
Operations Research. 63: 513-623. 
Panet, M. and Guenot, A., (1982). Analysis of convergence behind the face of a 
tunnel. Proc. Tunnelling 82, London. 197-204. 
Park, K.H. (2004). Elastic solution for tunnelling-induced ground movements in 
clays. International Journal of Geomechanics, ASCE. 4(4): 310-318. 
Park, K. H. (2005). Elastic Analytical Solution for Tunnelling-Induced Ground 
Movement in Clays. Tunnelling and Underground Space Technology. 20: 
249-261. 
Park, S.H., Adachi, T., Kimura, M., Kishida, K. (1999). Trap door test using 
aluminum blocks, Proceedings of the 29
th
 Symposium of Rock Mechanics. 
J.S.C.E. 106–111. 
Peck, R.B. (1969). Deep excavations and tunnelling in soft ground. Proceedings of 
the 7
th
 international conference on soil mechanics and foundation 
engineering. State of the art volume. Mexico City. 225-290. 
Picton, P. (2000). Neural networks. 2
nd
 edition. New York: Palgrave.  
Pinto, F. and Whittle, A. J. (2006). Discussion of elastic solution for tunnelling-
induced Ground movements in clays by K. H. Park. International Journal of 
Geomechanics, ASCE. 72-76. 
Poli, R., Kennedy, J., and Blackwell, T. (2007). Particle Swarm Optimization an 
Overview. Swarm Intelligence. 1: 33-57. 
Potts, D.M., and Zdravkovic, L. (2001). Finite element analysis in geotechnical 
engineering application. London: Thomas Telford.   
Pourtaghi, A., and Lotfollahi-Yaghin, M.A. (2012). Wavenet ability assessment in 
comparison to ANN for predicting the maximum surface settlement caused by 
tunneling. Tunnelling and Underground Space Technology. 28: 257-271. 
221 
Powell, D.B., Sigl, O., Beveridge, J.P. (1997). Heathrow-Express-design and 
performance of platform tunnels at Terminal 4. In: Tunnelling’97. London. 
565–593. 
Priddy, K.L., and Keller, P.E. (2005). Artificial Neural Networks: An Introduction. 
Bellingham, Society of Photo-Optical Instrumentation Engineers (SPIE). 
Rafiai, H., and Moosavi, M. (2012). An approximate ANN-based solution for 
convergence of lined circular tunnels in elasto-plastic rock masses with 
anisotropic stresses. Tunnelling and Underground Space Technology. 27: 52–
59. 
Rafig, M.Y., Bugmann, G., and Easterbrook, D.J. (2001). Neural Network Design for 
Engineering Applications. Computers and Structures.79: 1541-1552. 
Reynolds, C. (1987). Flocks, Herbs, and Schools, A Distributed Behavioural Model. 
Computer Graphics. 21(4): 25-34. 
Rojas, R. (1996). Neural Networks, a Systematic Introduction. Berlin: Springer-
Verlag. 
Rosenblatt, F. (1959). The perceptron: a probabilistic model for information storage 
and organization in the brain. Psychological Review. 65: 386-408. 
Rowe, R. K., and Kack, G. J. (1983). A Theoretical Examination of the Settlements 
Induced by Tunnelling: Four Case Histories. Canadian Geotechnical Journal. 
20: 229-314. 
Rowe, R.K., Lo, K.Y., Kack, K.J. (1983). A method of estimating surface settlement 
above shallow tunnels constructed in soft ground. Canadian Geotechnical 
Journal. 20: 11–22. 
Rumelhart. D.E., Hinton. G.E., and Williams, R.J. (1986). Learning representations 
by backpropagation errors. Nature. 323: 533- 536. 
Sagaseta, C. (1987). Analysis of Undrained Soil Deformations Due to Ground Loss. 
Geotechnique. 37(3): 301-320. 
Santos Jr, O.J., and Celestino, T.B. (2008). Artificial neural networks of Sao Paulo 
subway tunnel settlement data. Tunnelling and Underground Space 
Technology. 23: 481-491. 
Schikora, K., Ostermeier, B. (1988). Two-dimensional calculation model in 
tunnelling- Verification by measurement results and by spatial calculation. 
Proceeding of 6
th
 International Conference on Numerical Methods in 
Geomechanics, Innsbruck. 1499-1503. 
222 
Schuller, H., Schweiger, H.F. (2002). Application of a multilaminate model to 
simulation of shear band formation in NATM-tunnelling. Computers and 
Geotechnics. 29: 501–52. 
Sharma, J.S., Bolton, M.D., Boyle, R.E. (2001). A new technique for simulation of 
tunnel excavation in a centrifuge. Geotechnical Testing Journal. 24(4): 343–
349.  
Shi, J., Ortigao, J.A.R., and Bai, J. (1998). Modular Neural Networks for Predicting 
Settlements During Tunnelling. Journal of Geotechnical and 
Geoenvironmental Engineering, ASCE, 124 (5): 389-395.  
Shin, H.S., Kwon, Y.C., Jung, Y.S., Bae, G.J., and Kim, Y.G. (2009). Methodology 
for quantitative hazard assessment for tunnel collapses based on case histories 
in Korea. International Journal of Rock Mechanics and Mining Sciences. 46: 
1072–1087. 
Skempton, A.W., and MacDonald, D.H. (1956). The allowable settlement of 
buildings. Proceeding of Institution of Civil Engineers. 5(3): 727-768. 
Son, M. and Cording, E.J. (2005). Estimation of building damage due to excavation 
induced ground movements. Journal of Geotechnical and Geoenvironmental 
Engineering, ASCE. 131(2): 162-177. 
Son, M. and Cording, E. J. (2007). Evaluation of building stiffness for building 
response analysis to excavation-induced ground movements. Journal of 
Geotechnical and Geoenvironmental Engineering, ASCE. 133(8): 995-1002. 
Stallebrass, S.E., Jovicic, V. and Taylor, R.N. (1994). The influence of recent stress 
history on ground movements around tunnels. Prefailure Deformation of 
Geomaterials, Balkema. 1: 612-620. 
Stallebrass, S.E. and Taylor, R.N. (1997). Prediction of ground movements in over 
consolidated clay. Geotechnique. 47(2): 235–253. 
Standing, J.R, and Burland J.B. (2006). Unexpected tunnelling volume losses in the 
Westminster area, London. GEOTECHNIQUE. 56: 11-26. 
Sterpi, D., Cividini, A., Sakurai, S., Nishitake, S. (1996). Laboratory model tests and 
numerical analysis of shallow tunnels. In: Barla, G. (Ed.). Proceedings of the 
International Symposium on Eurock 96 – ISRM, Torino, vol. 1. Balkema, 
Rotterdam. 689–696. 
Stern, H.S. (1996). Neural networks in applied statistics. Technometrics. 38: 205-
214. 
223 
Strack, O.E. (2002). Analytic Solution of Elastic Tunnelling Problems. The 
Netherlands, DUP Science.  
Strack, O.E. and Verruijt, A. (2002). A complex variable solution for a deforming 
buoyant tunnel in a heavy elastic half-plane. International Journal for 
Numerical and Analytical Methods in Geomechanics. 26: 1235-1252. 
Suwansawat, S., and Einstein, H. H. (2006). Artificial neural networks for predicting 
the maximum surface settlement caused by EPB shield tunnelling. Tunnelling 
and Underground Space Technology. 21: 133-150. 
Swoboda, G. (1979). Finite Element Analysis of the New Austrian Tunnelling 
Method (NATM). Proceeding of 3
rd
 International Conference on Numerical 
Methods in Geomechanics. Aachen. 2: 581-586.  
Swoboda, G and Abu-Krisha, A. (1999). Three-dimensional numerical modelling for 
TBM tunnelling in consolidated clay. Tunnelling and Underground Space 
Technology. 14 (3): 327-333.  
Tang, D.K.W., Lee, K.M., Ng, C.W.W. (2000). Stress paths around a 3-D 
numerically simulated NATM tunnel in stiff clay. Proceeding of the 
International Symposium on Geotechnical Aspects of Underground 
Construction in Soft Ground. Rotterdam, Balkema. 443-449. 
Taylor, R. N. (1995b). Tunnelling in soft ground in the UK. Proceedings of the 1994 
International Symposium on Underground Construction in Soft Ground. 
Balkema, New Delhi, India. 
The Institution of Structural Engineers. (1994). Subsidence of low rise buildings. 
London. 
Timoshenko, S.P., and Goodier, J.N. (1970). Theory of Elasticity. McGraw-Hill, 
New York, NY. 
Timoshenko, S., and Woinowsky-Krieger, S. (1959). Theory of plates and shells. 
Second edition.  New York: McGraw-Hill. 
Tunnel Rod Construction Consulting Engineers Inc. (2010). Instrumentation report 
of Line No.2 of Karaj Urban Railway. Technical Report. (unpublished). 
Uriel, A.O, and Sagaseta C. (1989). Selection on design parameters for underground 
construction. Proc. of the 12
th
 international congress on soil mechanics, 
Riode Janeiro, Vol. 9. Rotterdam: A.A. Balkema. 2521–2551. 
224 
Vasumathi, B., and Moorthi, S. (2012). Implementation of hybrid ANN–PSO 
algorithm on FPGA for harmonic estimation. Engineering Applications of 
Artificial Intelligence. 25: 476–483. 
Venkatesan, D., Kannan, K., and Saravanan, R. (2009). A genetic algorithm-based 
artificial neural network model for the optimization of machining processes. 
Neural Computing and Applications. 18:135-140. 
Venter, G. (2010). Review of Optimization techniques. Encyclopaedia of Aerospace 
Engineering. 1-12. 
Vermeer, P.A., Bonnier, P.G., Möller, S.C. (2002). On a smart use of 3D-FEM in 
tunnelling. Proceedings of the 8
th
 international symposium on numerical 
models in geomechanics. Rotterdam, Balkema. 361-366. 
Verruijt, A. (1997). A Complex Variable Solution for a Deforming Circular Tunnel 
in an Elastic Half-Plane. International Journal for Numerical and Analytical 
Methods in Geomechanics. 21: 77-89. 
Verruijt, A, and Booker, J. R. (1996). Surface Settlement Due to Deformation of a 
Tunnel in an Elastic Half Plane. Geotechnique. 46(4): 753-756.  
Wang, Z., Wong, R.C.K., Li, S., and Qiao, L. (2012). Finite element analysis of 
long-term surface settlement above a shallow tunnel in soft ground. 
Tunnelling and Underground Space Technology. 30: 85-92. 
Windisch, A., Wappler, S., and Wegener, J. (2007). Applying Particle Swarm 
Optimization to Software Testing. Proceeding of the 2007 Conference on 
Genetic and Evolutionary Computations. London, UK. 
Wu, B.R., Lee, C.J. (2003). Ground movement and collapse mechanisms induced by 
tunnelling in clayey soil. International Journal of Physical Modelling in 
Geotechnics. 3(4): 13–27. 
Xie, L., Zeng, J., and Cui, Z. (2009). General Framework of Artificial Physics 
Optimization Algorithm. World Congress on Nature and Biologically 
Inspired Computing,  IEEE. 1321-1326. 
Yagiz, S., Gokceoglu, C., Sezer, E., and Iplikci, S. (2009). Application of two non-
linear prediction tools to the estimation of tunnel boring machine 
performance. Engineering Applications of Artificial Intelligence.  22: 808–
814. 
225 
Yang, J.S., Liu, B.C., and Wang, M.C. (2004). Modeling of tunneling-induced 
ground surface movements using stochastic medium theory. Tunnelling and 
Underground Space Technology. 19: 113–123. 
Yoo, C., and Kim, J.M. (2007). Tunneling performance prediction using an 
integrated GIS and neural network. Computers and Geotechnics, 34: 19–30. 
Yusup, N., Zain, A., and Hashim, S. (2012). Overview of PSO for Optimizing 
Process Parameters of Machining. Proceedia Engineering. 29: 914-923. 
 
ZaminPazhooh Consulting Engineers Inc. (2005). Geotechnical report of Line No.2 
of Karaj Urban Railway. Technical Report. (unpublished). 
Zhang, C., Shao, H., and Li, Y. (2000). Particle Swarm Optimisation for Evolving 
Artificial Neural Network. IEEE International Conference. 2487-2490.  
Zhang J.R., Zhang, J., Lok, T.M., and Lyu, M.R. (2007). A hybrid particle swarm 
optimization–back-propagation algorithm for feedforward neural network 
training. Applied Mathematics and Computation. 185: 1026–1037. 
 
 
 
